ABSTRACT: Nano-microplankton biomass, mesozooplankton biomass and hydrographic features were measured with mesoscale spatial resolution during 3 surveys in the Bay of Biscay between March and June 2004. Regions of high plankton biomass were associated with mesoscale physical structures. Generalized additive models (GAMs) based upon surface salinity, surface temperature and stratification of the water column explained 83% of the variability in nano-microplankton biomass distributions, 67% for small mesozooplankton, and 41% for large mesozooplankton. The results show that when biological and physical data are collected at the relevant spatial scales, nanomicroplankton and small mesozooplankton biomass distributions can be largely explained using simple hydrographic variables and non-parametric regression models.
INTRODUCTION
Huntley's temperature dependent growth model (Huntley & Lopez 1992) has provoked an intense discussion within the scientific community about factors controlling zooplankton growth (Kleppel et al. 1996) . However, much less attention has been paid to Huntley's observation that the variability in biomass was the dominant factor when estimating overall zooplankton production. Huntley & Lopez (1992) showed that, on scales relevant to the production of zooplankton, variability in biomass may be up to 6 orders of magnitude higher than variability in individual growth rates. Consequently, these investigations identified the necessity for more accurate measurements of biomass for application to production studies. However, obtaining quasi-synoptic measurements of plankton biomass at the relevant spatial resolution is not an easy task. Traditional methods of plankton collection and analysis have always been problematic when trying to measure plankton biomass at the mesoscale (0 to 100 km); a spatial scale at which physical processes are particularly energetic and have strong impacts on biological variability (Mann & Lazier 1991) . The older methods are too expensive and too laborious for mesoscale-solving approaches. Satellite imaging methods provide highresolution estimations of phytoplankton biomass using chlorophyll measurements (Soulanki et al. 2001) , however, they fail to characterise the heterotrophic community (micro-mesozooplankton). Moreover, the nonlinear complex relationships between biological and physical variables are difficult to describe with dynamic physical-biological models. Although there is a constant improvement in the ability of models to simulate plankton population dynamics, it is still difficult to reproduce plankton distributions and levels of biomass. Nonetheless, accurate biomass estimates are needed, both for carbon cycle analyses and higher trophic (e.g. fish recruitment) models.
These methodological and modelling problems may explain why the issues raised by Huntley & Lopez (1992) were not considered further until new analytical technologies and statistical tools became available. Recent developments have enabled us to measure plankton biomass at the same spatial scales as hydrographic phenomena. New image analysis systems are available to study the distribution of organisms, both autotrophic and heterotrophic, in aquatic ecosystems (Ashjian et al. 2001 , Grosjean et al. 2004 , See et al. 2005 . By minimizing the time spent in sample analysis, a large amount of data can be obtained in a short period of time, increasing the potential spatial and temporal resolution of such studies. These systems sacrifice taxonomic detail ), but provide useful information on abundance and size that can be translated into biomass. Using complementary image analysis systems, a broad size range of particles from phytoplankton to mesozooplankton can be studied at the same spatial scales. Furthermore, new statistical methods that model spatial and temporal dependence in ecological data have been recently developed. As an example, generalized additive models (GAMs, Hastie & Tibshirani 1990) provide particularly powerful means for modelling the variation in a given variable as a function of explanatory factors. They accommodate continuous functional forms of almost any shape, and to a large degree, they allow the data to determine the most suitable shape to adopt (Augustin et al. 1998) . With the use of spline smoothing functions, they are able to integrate multicolinearity between variables (Yee & Mitchell 1991) and to minimize the effects of extreme observations, which only influence the shape of the curve in the neighbourhood of those points (Wood 2006) . The ability to handle the multicolinearity and non-linear relationships existing between variables is the important strength of GAMs, and makes additive modelling a powerful tool in the development of models that improve our understanding of ecological data.
GAMs can be used to predict distributions based upon habitat modelling (Guisan & Zimmermann 2000) , and they have been applied successfully in terrestrial ecology (Guisan et al. 2002) . In marine systems, statistical modelling has been applied mainly to fish distributions (Planque et al. 2007 , Beare & Reid 2002 , fish egg distributions (Augustin et al. 1998 , Stratoudakis et al. 2003 and plankton species distribution (Beare et al. 2000) ; however, the potential of GAMs to describe plankton biomass distributions has been scarcely explored. The main objective of the present study was to investigate at relevant spatial scales the relationships between plankton biomass distribution and physical forcing in the Bay of Biscay.
MATERIALS AND METHODS
Study area. The Bay of Biscay is part of the subtemperate eastern North Atlantic Ocean, and it can be defined as an open bay surrounded by the western French and Spanish coastlines. The bay is characterised by strong heterogeneity in environmental forcing and seasonal variations. Topography, hydrographic characteristics, origin and variations of water masses in the Bay of Biscay have been reviewed by Koutsikopoulos & Le Cann (1996) .
Three surveys were carried out in the Bay of Biscay during March/April, May, and June 2004. Stations were distributed in transects perpendicular to the coast covering the shelf and shelf-break (Fig. 1) . The resolution and geographic limits of each cruise are given in Table 1 .
Sample collection and analysis. Hydrographic data: The hydrographic characteristics and the fluorescence profiles of the stations were sampled using a conductivity temperature, depth profiler (CTD; model RBR XR420) fitted to the mesozooplankton net. The difference in seawater density between 100 m depth (or 5 m above the bottom) and the surface was used as an index of the water column stratification.
Nano-and microplankton: Samples were collected at a depth of 3 m using 1.5 l Niskin bottles. Samples were analyzed onboard using a FlowCAM (Sieracki et al. 1998) to determine the biomass and size structure of the nano-and microplankton community. Fluorescence measurements were not included in the analysis, hence every particle (phytoplankton, zooplankton, detritus, inorganic) was counted and imaged. For each sample, a maximum of either 2000 particles or 10 ml were analyzed. A × 4 objective was used in the sample analysis. The instrument was calibrated using beads of a known size. Invalid recordings (i.e. bubbles, repeated images) were removed from the image database through visual recognition. The biovolume of each cell was calculated from its equivalent spherical diameter (ESD), and was converted into biomass according to the equation of Montagnes et al. (1994) for marine diatoms and dinoflagellates.
Mesozooplankton: Samples were obtained using vertical hauls of a 150 µm Pairovet net, except during the March/April cruise when oblique hauls of a 335 µm Bongo net were used. Because of the differences in the capture capacities of the 2 net systems, the zooplankton from the March/April cruise are not included in this study. Nets were lowered to a maximum depth of either 100 m, or 5 m above the bottom at the shallower stations.
Net samples were preserved immediately after collection with 4% borax buffered formalin. The samples were treated for 24 h with 4 ml 1% eosin, which stains cytoplasm and muscle protein effectively; this stain creates sufficient contrast for recognition by image analysis and reduces the counting of detrital material. Net subsamples were scanned in 254 (8 bit) colours at a resolution of 600 dpi using a HP Scanjet 8200 series (Hewlett-Packard) scanner.
The resulting jpg images were imported into the Plankton Visual Analyzer (PVA), a custom image analysis software for counting, measuring and classifying objects in digital images and recently integrated into the free software Zooimage available at www. sciviews.org/zooimage. The ESD of each particle >165 µm was detected and measured. The volume of each zooplankter was calculated from the ESD, converted to carbon, and corrected for shrinkage caused by formalin (Alcaraz et al. 2003) .
For both nano-microplankton and mesozooplankton, the biomass of every individual was calculated. Very small and very large sizes were considered to be under-represented, because of the relatively low volumes analysed by the flowCAM and PVA, or undersampling by the collection gear (bottles and nets). Thus, only size ranges represented in > 90% of the samples were included. Accordingly, nano-microplankton biomass was estimated for the size range 7 to 27 µm ESD (16 to 1024 pg C particle -1 ) and 2 groups were distinguished among mesozooplankton as a function of size, viz. small mesozooplankton, which included organisms from 165 to 560 µm ESD (0.2 to 6.4 µg C particle -1 ), and large mesozooplankton, which covered the size range from 560 to 1100 µm ESD (6.4 to 51.2 µg C particle -1 ). Distributions of nano-microplankton and mesozooplankton communities, as well as hydrographic features, are described herein for the entire geographical area covered in each of the cruises. However, for comparison of biological and physical conditions between cruises, only the common area sampled during the 3 surveys was considered, in order to avoid changes due to different sampling areas and different variables affecting the community.
Statistical analysis. Nano-microplankton and mesozooplankton biomass were modelled as a function of surface salinity, surface temperature and stratification index, using GAMs (Hastie & Tibshirani 1990) . The transformed biomass values, i.e. log 10 (plankton biomass + 1) were used to develop the GAMs. The hydrographic data from the 3 cruises were included in the nano-microplankton models. Due to the lack of data in March/April, only the May and June cruises were used for mesozooplankton. The analyses presented here were performed using the 'mgcv' library in the R statistical software available from the Comprehensive R Archive Network http://cran.r-project.org.
GAMs are a non-parametric extension of generalized linear models (GLMs), with the only underlying assumption that the functions are additive and that the components are smooth. The basic concept is replacement of the parametric GLM structure:
(1) with the additive structure: (2) where the s j are spline smooth functions, and p the number of explanatory variables (x j ) (Hastie & Tibshirani 1990) . The main strengths of GAMs are their flexibility and their ability to deal with highly non-linear and nonmonotonic relationships between the response and the set of explanatory variables. This is mainly because GAMs are data-driven rather than model-driven, and they allow the data to determine the shape of the response curves, rather than being limited by an a priori model. Moreover, GAMs allow the possibility of using a higher dimensional smoother to model complex interactions between variables (Yee & Mitchell 1991) . In the case of 2 or 3 variables, this would mean fitting:
As a first step, GAMs were based upon single explanatory variables to study the influence of individual hydrographic covariates on the plankton biomass distribution. During further analysis, GAMs of increasing complexity were applied, combining multiple explanatory variables. Interrelations between hydrographic covariates, together with their influence on the response variable (plankton biomass), were included within the models using 2-and 3-dimensional smoothing functions.
Comparisons between models were performed in order to select GAM smoothing predictors and smoothing functions. Three criteria were used (Wood 2006) : (1) the generalized cross validation score (GCV, the lower the better); (2) the level of deviance explained (0 to 100%, the higher the better); and (3) the confidence region for the smoothing (which should not include zero throughout the range of the predictor). These selection criteria are an adaptation of the method proposed by Wood & Augustin (2002) , and have already been applied to GAM model selection when using the 'mgcv' library (Planque et al. 2007) .
One of the risks of applying GAMs with few data is 'overfitting' the model by using many parameters; in general, bias decreases and variance (uncertainty) increases as the number of parameters in a model increases (Burnham & Anderson 2002) . Accordingly, a Jackknife (JK) procedure was applied to validate the final models, using an independent data set (Lobo & Martín-Piera 2002) . For the complete data set (309 stations for nano-microplankton and 354 stations for mesozooplankton), GAMs were recalculated omitting one station at a time. Each of these models based on the n-1 stations was applied to the excluded stations in turn. The p-value and the coefficient of determination (r 2 ) of the least squares linear regression between GAM-predicted and observed biomass data were used to validate the model.
RESULTS

Hydrography
In late winter (March/April), the hydrography of the continental shelf was influenced mainly by the presence of cold waters originating from the main estuaries of the area (the Loire, Gironde and Adour). Surface temperature and salinity increased with distance from the shore, and stratification was associated with the plumes from the estuaries (Fig. 2) . Surface temperature ranged from 9.7 to 12.7°C (10.9 to 12.6°C in the common area), with minimum values along the French coast, from the Gironde to the Loire estuaries. The water column was mixed, and stratification had a maximum value of 2.5, associated with the Loire River mouth.
In May, there was a general increase in surface temperature, with values ranging from 12.6 to 15.7°C (12.6 to 14.9°C in the common area). The warmest temperatures were recorded over the northern part of the shelf. This area was sampled at the end of the cruise and, by this time, thermal stratification had already commenced. The stratification index was highest (5.6) in the mouth of the Gironde estuary, which had a plume extending over the platform towards the north. Stratification offshore from the Adour estuary also was well-defined during this period.
The Gironde estuary had important seasonal variability in flow, as can be observed in Fig. 3 . May is one of the periods with higher outflows, in contrast to March/April and June, when the discharges were relatively low.
In June, high surface temperature water (ranging from 17 to 22°C) covered all the sampled area. Generalized thermal stratification extended over the southern part of the shelf, with a minimum of 1.6 and a maximum of 4 (Fig. 2) . A narrow strip of water characterised by lower temperature and stratification oc- (Pingree 1984 , Koutsikopoulos & Le Cann 1996 and may be the cause of this feature.
Average surface temperature and stratification values increased significantly (p < 0.0001) from March to June (Fig. 4) . Data used in this comparison were selected from the common area sampled during the 3 cruises (Fig. 2) .
Nano-microplankton and mesozooplankton biomass
Nano-microplankton biomass concentration ranged from 10 to 1174 mg C m (26 to 1049 mg C m -3 in the common area) ( Table 1 ). Small and large mesozooplankton biomass concentration ranged from 0.01 to 22 and from 0.01 to 12 mg C m -3 , respectively (Table 1) . The 3 distributions showed seasonal variations, with important differences between the cruises.
In March/April, well-mixed waters of the Bay of Biscay had relatively low biomass of nano-and microplankton, with an intense peak of 1049 mg C m -3 adjacent to the Gironde river mouth (Fig. 5) . Two more areas of higher biomass (around 400 mg C m -3 ) were identified, one associated with the Loire estuary runoff; and a second located in front of the Cantabrian shelf-break, a region where eddies form at this time of the year (Fig. 6) .
In May, with the general warming of the sea surface, the mean value of the nano-microplankton biomass increased significantly. Nano-microplankton biomass extended over the French shelf, with several areas of higher biomass associated with the Gironde river plume, the southeast part of the shelf (Côte des Landes) and the northern shelf-break. Biomass of small mesozooplankton was higher near the Gironde and along the Côte des Landes. Biomass of large mesozooplankton was more uniform over the French shelf, with peaks of biomass at the shelf break and in the Gironde river plume (Fig. 5) .
In June, nano-microplankton and small mesozooplankton had similar patterns, with areas of higher biomass in the north of the Bay of Arcachon and in the Côte des Landes, possibly related to upwelling processes. The mouth of the Gironde estuary was characterised by higher levels of biomass (Fig. 5) . The main difference between the distributions was the higher biomass of small mesozooplankton over the narrow Cantabrian shelf. By this time, there was a general decrease in the large mesozooplankton biomass. However, some areas of slightly higher biomass occurred, just offshore of the Bay of Arcachon and on the Cantabrian shelf.
It is notable that during all the surveys high biomass areas were associated clearly with waters influenced by river outflows and other physical fronts, such as eddies and upwellings. Moreover, overall community biomass increased gradually, covering the French shelf as surface temperature and stratification increased.
Kruskal-Wallis tests applied to the common area of the surveys showed a significant (p < 0.0001) increase of nano-microplankton biomass from March/April (168 mg C m (Fig. 4) . A significant increase in biomass of small mesozooplankton (p < 0.05), together with a significant decrease of large mesozooplankton (p < 0.005), occurred from May to June. 
GAM models based on individual explanatory variables: relationship between hydrographic parameters and plankton biomass
Surface temperature was the physical parameter which best explained the nano-microplankton biomass distribution, with the highest deviance explained (43%) and the lowest GCV (0.45) ( Table 2) . Surface salinity and stratification also explained a high percentage of the deviance (34% each). For the small mesozooplankton biomass distribution, surface salinity was the most important factor, describing 43% of the deviance; surface temperature and stratification explained 18 and 20%, respectively. Large mesozooplankton biomass distribution variability was poorly described by physical variables: surface temperature, salinity and stratification explained 14, 7 and 5% of the deviance, respectively.
Non-linear dependence in the data was handled within the GAMs using spline functions. The smoothed fits indicate the effects of individual hydrographic variables on the plankton biomass distributions (Fig. 7) . Approximate confidence interval envelopes were plotted for each function. This is useful because it gives an indication of the parts of the function that are less accurately estimated, often because of fewer data points (Yee & Mitchell 1991) . In our calculations, lower accuracy was observed in the estimations for lower values of salinity, higher values of stratification and intermediate values of surface temperature. Salinity : Both nano-microplankton and small mesozooplankton biomass tended to increase in low salinity areas, such as the plumes of the main estuaries (Fig. 7a,d) . Slightly higher levels of large mesozooplankton biomass were associated with both low and high salinity values (Fig. 7g) , and may be related to the river plume and the shelf break fronts. However, the results for large mesozooplankton must be interpreted with care, because the model explains only 7% of the deviance, and its confidence limits include zero in almost all salinity values. Surface temperature: An increase in nano-microplankton biomass occurred between 14 and 18°C, whereas for small mesozooplankton, the maximum occured around 16 and 18°C (Fig. 7b,e) . Large mesozooplankton experienced a slight increase at temperatures near 14°C (Fig. 7h) . The upper and lower limits of ; note the differing scales). The sampling grid is indicated and the common area sampled during the 3 cruises is delimited by a black line. Bathymetry as in Fig. 1 the 3 distributions cannot be defined clearly, as the confidence interval of these values of temperature include zero. Stratification: Nano-microplankton and small mesozooplankton biomass were related to water column stratification. Fig. 7c ,f shows a positive relationship between stratification and biomass, with a first peak around 1.5 and a continuous increase in biomass associated with higher values of stratification. Slightly lower values of biomass of large mesozooplankton occurred at intermediate levels of stratification, between 2 and 3 ( Fig. 7i ), but this trend is weak and its confidence limits include zero in the majority of the stratification values.
GAM models on multiple explanatory variables: the interaction between hydrographic parameters
GAMs based upon multiple variables of increasing complexity were established. These GAMs were ranked according to the percentage of deviance they could explain and their GCV scores ( Table 2 ). The models based on a 3-dimensional smoothing function that included the interactions between the 3 covariates (GAM, highlighted in Table 2 ) appeared to provide the best fits. They explained 83% of the variability in nano-microplankton, 67% in small mesozooplankton and 41% in large mesozooplankton biomass distributions, and had the lowest GCV in comparison with the rest of the models (0.22, 0.16, and 0.22, respectively). Finally, the results of the model validation showed strong correspondence between observed nano-microplankon and small mesozooplankton biomass values and those predicted by the Jackknife procedure (r 2 = 0.70, p < 0.001; and r 2 = 0.51, p < 0.001, respectively). Correlation between large mesozooplankton observed and predicted values were lower (r 2 = 0.23), but still significant (p < 0.001). The lower overall deviance explained for large mesozooplankton data is consistent with the results obtained from the single variable GAMs. Moreover, stratification processes identified during the surveys were due to changes in density, which were related to salinity and/or temperature gradients in the water column. We can confirm that the interactions between the 3 variables have the ability to describe plankton distribution to a greater extent than the separate main effects. It is important to note that multidimensional splines, though useful for modelling complex interactions between variables, do not allow an examination of the contribution of each variable separately (Yee & Mitchell 1991) .
The final models were applied to the original hydrographic data set. The plot made with the estimated plankton biomass for each cruise individually (Fig. 8) agreed well with the measured biomass distribution for the first 2 plankton groups. The models highlighted the same high biomass areas described above for the nano-microplankton and small mesozooplankton communities. The GAM for large mesozooplankton, however, reproduced the general distribution of the community, but failed to describe the magnitude and extension of the areas where higher biomass occurred.
DISCUSSION
Within the present study, physical and biological variables were measured at a spatial resolution sufficient to identify the main hydrographical structures in the Table 2 . Single and multiple variable based GAMs, for nano-microplankton, small mesozooplankton, and large mesozooplankton biomass. For each model, the percentage of deviance explained (Dev.), the generalized cross validation score (GCV), and the parameters of the Jackknife procedure, r 2 (JK-r 2 ) and p-value (JK-p), are given. The smoothing functions (s) and explanatory variables used in each model appear in brackets: S, surface salinity; T, surface temperature; Str, stratification index. The model analyzed in the discussion is highlighted in grey area, together with the plankton distribution responses to them (Figs. 2 & 5) . The average resolution of the surveys was <12 nautical miles, which was considered sufficient to obtain a realistic pattern of the plankton distribution in the Bay of Biscay (Albaina & Irigoien 2004) . Using the FlowCAM and the PVA image analysis techniques, a large amount of plankton data was processed, the analysis of which would have been overwhelming with traditional methodology. In situ and laboratorybased image analysis methods have been used previously to obtain relevant information on plankton abundance, size and biomass (Ashjian et al. 2001 , Grosjean et al. 2004 , See et al. 2005 . Previous studies on the microbial community in the area under investigation have focused generally on either phytoplankton (Varela 1996) or microzooplankton (Quevedo & Anadon 2000) . However, the flowCAM analysis represents an overall estimation of biomass, including autotrophic and heterotrophic organisms ranging from 7 to 27 µm ESD. Detrital material of this size was also included in the analysis as it forms part of the energy transfer pathways in the pelagic food web (Roy et al. 2000) . However, technical limitations of the instrument must be considered, particularly for non-organic particle counts. Biomass estimations for waters near the mouth of the estuaries and the coastline are potentially overestimated due to the counting of large (> 7 µm ESD) inorganic suspended particles discharged by the rivers.
Our mesozooplankton biomass data fell between the known average ranges for the Bay of Biscay (Poulet et al. 1996 , Valdes & Moral 1998 . Mesozooplanktonsized marine snow was not included in the analysis, due to the net collection of zooplankton, which destroys aggregates, and eosine used in sample processing, which stains only zooplankton muscle proteins.
The most relevant physical features which could affect the distribution of plankton in the study area are coarse and mesoscale processes (Fig. 2) . Such processes relate to recurrent well-documented structures with an important seasonal component, as follows: (1) the plumes of the main estuaries in the Bay (Loire, Gironde and Adour), which are related to river run-off ; note that the scales differ). Data are derived from the GAM output highlighted in Table 2 , together with the original hydrographical data sets. Bathymetry as in Fig. 1 and advection (Fig. 3) ; (2) the shelf-break front, where internal waves are generated by the interaction between tides and bottom topography (Pingree & Mardell 1981 , Pingree et al. 1986 , New 1988 , Pingree & New 1995 ; (3) offshore eddies, developing mostly in winter due to instabilities in the poleward slope current (Pingree & Le Cann 1992 , van Aken 2002 ; and (4) occasional summer upwelling events, which depend upon wind regime and are present along the Côte des Landes (Castaing & Lagardere 1983 , Jegou & Lazure 1995 . Mesoscale structures are often considered as favourable environments for enhanced productivity (Le Fevre 1986) . River outflows provide a continuous input of nutrients through continental drainage. The propagation of internal waves through the thermocline results in an upward transport of cold nutrient-rich waters (Pingree & Mardell 1981 , Holligan et al. 1985 , Pingree et al. 1986 , New 1988 . The dynamics of eddies enhances productivity and induces horizontal advection by the pumping of deep waters to the surface (Fernandez et al. 2004 ). Finally, upwelling events are defined as the processes that bring deeper waters to the surface (Sverdrup et al. 1942 , Rochford 1991 .
The processes accounting for enhanced production at fronts are diverse. They involve physiological responses of the organisms to the frontal environment (increased nutrient uptake, increased growth rates, depressed photosynthetic response, etc.), as well as the effects of floating, sinking or swimming with convergent and divergent flows at the front (Franks 1992 , Lennert-Cody & Franks 2002 ). In our survey, the main areas of nano-microplankton and mesozooplankton biomass were connected to the supply of nutrients and the hydrodynamics due the mesoscale structures described above (Fig. 5) .
GAMs were used in our study to integrate all the information available and to model their interactions. GAMs are statistical models; they are not expected to describe realistic cause-effect relationships, nor to provide explanations about underlying mechanisms for correlations between plankton biomass dynamics and hydrography. However, GAMs highlight significant correlations between the explanatory factors and the response variable (i.e. plankton biomass) in such a way that a significant percentage of the variability in plankton biomass distribution can be described by them. This fact emphasizes the importance of the relationships between physical forcing and biological dynamics, and demonstrates the power of additive modelling as a tool in the development of less parameterized habitat models.
A recent macroecological study (Li et al. 2006) showed that up to 75% of the variance of a community variable such as phytoplankton abundance can be explained by a single predictor (temperature). This is an example of holistic simplicity arising from underlying complexity. Our research shows that even at the mesoscale, simple hydrographical variables can explain a large percentage of the plankton distribution deviance when data are collected at the appropriate spatial scales and analysed with non linear statistical methods.
Even in regions where single hydrographic variables did not initially reveal specific features, but where higher levels of biomass were found (e.g. eddies in March/April, shelf-break front in May, and upwelling in the northern part of Arcachon Bay in June), the model was able to extract correct information from the salinity, surface temperature and stratification combinations, so as to reproduce the increase of biomass in the regions of dynamic hydrographical features (Fig. 8) . In particular, it is interesting to note that the GAM models were able to extract such information and, likewise, to describe correctly increases in nanomicroplankton biomass, without having information available on nutrients and light.
The GAM analysis showed that nano-microplankton and small mesozooplankton biomass were influenced by physical variables to a greater degree than large mesozooplankton. This suggests that more complex ecological parameters and relationships may be involved in large mesozooplankton distributions. Several factors might explain this difference. In addition to the physical and chemical properties of the environment, spatial heterogeneity of large mesozooplankton populations is largely determined by the physiological and behavioural properties of the organisms themselves. These encompass interactions between individuals, and the reactions of the zooplankters to their biological environment, including responses to patches of potential food organisms and to predators (Mauchline 1998) . Other habitat characteristics, such as depth, may also have a considerable influence on mesozooplankton distributions. As an example, depth preference of large copepods for mid-outer shelf areas is a component of reproductive success (Uye 2000). Size and taxonomy are important factors controlling mesozooplankton distribution over the continental shelf (Albaina & Irigoien 2004) , and there are significant differences between day and night abundances of large copepods (Shaw & Robinson 1998) . Moreover, there is an intense peak in large mesozooplankton biomass at the shelf break. As the limits of the May and June cruises did not extend beyond the shelf break, our sampling grid is not broad enough to adequately envelop all the variability in the large mesozooplankton distribution patterns, especially in open waters. Broader surveys covering the shelf, shelf-break and oceanic waters will provide relevant information to reproduce the factors limiting distribution. In addition, further research on image recognition to provide taxonomic information, and the inclusion of more explanatory variables (predator and food abundance, depth, light intensity, etc.) are needed to improve mesozooplankton models.
These simple habitat mapping statistical models we used may be useful for inclusion in the rhomboidal modelling approach proposed by de Young et al. (2004) . This approach, conceived to handle the intricate food webs in marine systems, concentrates the biological resolution of the model onto a target species of primary interest; and it decreases the resolution, both up and down the trophic scale with simplified models. De Young et al. (2004) anticipated that different classes of model would be required for the distinct levels of biological resolution. However, both the simplified models for 'food' and 'predators' must provide correct estimations of density or biomass in order to include them in the high-resolution model of the target species. The results of the present study show that statistical habitat mapping techniques have the potential to provide accurate biomass estimations of prey, predators, or other factors affecting target species, at least in the nano-microplankton and small mesozooplankton size range.
